Abstract: Soil erodibility is among the trickiest erosion factors to estimate. This is especially true for heterogeneous Mediterranean environments, where reliable and dense soil data are rarely available, and interpolation methods give very low accuracies. Towards estimating soil erodibility, research so far has resulted in several alternatives mainly based on empirical formulas, on physics-based equations or on inference with expertise. The aim of this work was to compare erodibility patterns derived by using the empirical United States Department of Agriculture (USDA) formula and by inference from a geological map in a Mediterranean agricultural site. The Kolymvari area, located in the western part of Crete, an area covered by olive groves and citrus orchards, was selected as the study site for this work. Comparison of the spatial patterns of soil erodibility derived from the two alternatives showed significant differences (i.e., a mean normalized difference value of 0.52), while a test of the "inference" alternative indicated very low accuracies (0.1475 RMS error). A comparison, however, of the spatial patterns of erosion values derived from both alternatives indicated that dissimilarities of the two soil erodibility maps faded out. Moreover, the highly risky areas provided by both alternatives were found to be identical for 88% of the whole study site.
When implementation of an erosion model is concerned, users have to do specific choices about the input datasets and processing techniques, depending on their expertise, local conditions and data availability and appropriateness. As a general rule, there is no optimal model nor optimal data, but a correlation between the quality of input data and the optimal complexity of the model [15] . Using a big set of pits under a mildly Mediterranean climate (close to Madrid), [16] concluded that input data for the K-factor used in the USLE formula [3] should not be derived from a soil map unless a key soil factor could be identified. Alternatively, they suggested use of physiographic instead of soil maps. The process of matching data with model requirements could be considered as a kind of model calibration.
In addition to that, modeling performance and results can be seen from two different points of view: the view of researchers and the view of decision makers. Researchers are focused mainly on the precise performance of a model and are more concerned with simulating what has occurred than with predicting future events. Policy makers, on the other hand, intend to use models in the framework of natural resource management and land use planning on large scales in a legal and social context, and therefore, they focus on predictions or risk of future events [17] . In these cases, adequate and appropriate soil data are rarely available and expensive to obtain.
The main aim of this research was to study in what degree the use of alternative input datasets for estimation of the K-factor (soil erodibility) using the revised universal soil loss equation (RUSLE) in a Mediterranean agricultural area would produce significantly different results from the decision maker point of view (i.e., in erosion risk), especially with regard to the highly risky areas (hot spots). More specific objectives of the study were:
1. To evaluate the effectiveness of human expertise in estimating the K-layer in the lack of soil maps; 2. To compare K-layers calculated by two alternative methods, i.e., from geologic or soil data; and 3. To compare soil erosion risk maps created with the RUSLE model for each of the alternatives of the K-layer (see point 2).
Materials and Methods

Study Area
The agricultural area of the Municipality of Kolymvari was selected as the study site. Kolymvari contains 17 villages and is located in the NW part of Crete, Greece, about 20 km west of the city of Chania (latitude/longitude: 35°30'00"/23°46'00") ( Figure 1 ). The main activity in the area is agriculture, mainly olive plantations. The agricultural area of interest was outlined based on information derived from the CORINE 2000 land cover/use map and was further refined with visual photo-interpretation of a QuickBird (very high resolution) satellite image. The total extent of the agricultural study site was about 69 km 2 . The climate of the area is typically Mediterranean, with hot and very dry summers. Winters are mild, seldom experiencing frosts. The mean annual air temperature is 17 °C. Most of the rainfall takes place during winter, especially in the mountains. The average annual rainfall is 722.6 mm, with January (143.8 mm) and July (0.6 mm) being the wettest and the driest months, respectively. From late April to early September, rainfall is unusual, but it may occur in every month, even in July.
The terrain of the area is undulating, with an alteration of mountainous, semi-mountainous and plain landscapes throughout the area, which is vulnerable to erosion in terms of main topsoil characteristics. According to the EU soil map on a scale of 1:1,000,000, two soil types are predominant in the area of Kolymvari:
Rendzina soils, i.e., soils with A and C horizons, a well-developed A1 horizon of heavy texture, including gravels, about 50 cm high, with over 30% free calcium carbonate and Terra rosa soils, i.e., heavy soils with A, B, and C horizons, having a reddish textural B horizon and with poor drainage and poor permeability. A soil horizon is a layer parallel to the soil surface, whose physical characteristics differ from the layers above and beneath. More specifically, A-horizon is a surface layer of mineral soil with most organic matter accumulation and soil life; B-horizon is a subsoil layer accumulating iron, clay, aluminum and organic compounds, a process referred to as illuviation; and C-horizon is a parent rock layer (with large unbroken rocks) usually accumulating the more soluble compounds [18] .
The primary sector is predominant in Kolymvari (55%), with the main agricultural activity occupied by olive tree cultivation for olive oil production. The area produces approximately 65,000 tons of olive oil per year, treated by 17 olive-oil factories. Similarly with many other Mediterranean regions, large areas in Kolymvari have been altered during the last 25 years by replanting high-density olive plantations in semi-mountainous and coastal areas. As a consequence, intensive tillage and soil compaction from farm machinery on shallow soils in the uplands have rendered big areas especially vulnerable to soil erosion [19] (Figure 2 ). 
Dataset Description
The dataset collected and processed for the study comprised the following records:
 Geological map sheets of the area on a 1:50,000 scale. The map sheets were scanned and merged into a mosaic in order to derive a single geologic background. Then, the outlines of the geologic units were digitized;  Soil data retrieved with a field survey at 45 sampled locations randomly selected throughout the study area after stratification according to the geologic units. The density of sampling was estimated in one sample per 1.5 km 2 on average. It was estimated that sampled points were allocated into homogeneous sub-areas and, thus, were representative of their sites.  The samples were extracted from the topsoil (depth <15 cm). Fine silt and sand percentage, organic matter content, permeability class and structure class were calculated in the laboratory after international soil analysis standards;  A yearly distribution of the mean monthly rainfall in the study area calculated from 22-year long recordings and derived from two meteorological stations in the area, namely Drapanias and Tavronitis stations; All geographical data were projected into the Greek grid coordinate system (datum: GGRS87).
Methodology Overview
The methodology was based on the principles and formulas of RUSLE (revised universal soil loss equation) and was implemented in the spatial domain using raster GIS. RUSLE was evolved from USLE (universal soil loss equation) with incorporation of more validation data [20] . Although RUSLE was originally developed for application at the parcel scale, a topographic extension proposed by [21] rendered the model appropriate for predicting annual soil erosion rates of small catchments. The mathematical expression of RUSLE is [3] :
where A is the average annual erosion rate (t ha −1 ), R is the rainfall erosivity (MJ cm ha −1 h −1 ), K is the soil erodibility (t ha h MJ −1 ha −1 cm −1 ), L is the slope length (dimensionless), S is the slope steepness (dimensionless), C is the vegetation cover and management factor (dimensionless) and P is the support practice factor (dimensionless). In this study, the K-factor (soil erodibility) was estimated firstly from the geologic map with inference (use of expertise) by an independent soil scientist. Secondly, K-values were calculated at the 45 sampled locations using the K-nomographs (known also as USDA nomographs) [3] . Then, the latter set of K-values was used as reference in order to assess the accuracy of K-values derived from the geologic map.
Later, a new K-layer was generated with Ordinary Kriging interpolation of the K-values calculated at the sampled locations, using a spherical semivariogram and 12 points in the neighborhood. The K-layers derived from both alternatives were spatially compared. In parallel, all the rest of the erosion factors (i.e., R, LS, C and P) were generated also as GIS layers according to the RUSLE literature and the available dataset. Finally, the mapping results of soil erosion risk derived from both alternatives were spatially compared. A workflow of the methodology is shown in Figure 3 , while all the steps are discussed in detail in the following paragraphs. 
K-Values Derived from the Geological Map
Estimation of K-values from the geological map by inference is analyzed in the following two steps (Table 1) :
 Determination of the soil texture class for each type of geological formation found in the study site based on soil genesis rules [22] . Soil texture is a parameter strongly influenced by the process of soil formation, due to rock weathering. It must be noted, though, that different geologic formations may result in the same or different soil textures.  Conversion of the soil texture value into a K-value according to the knowledge of the local conditions, especially regarding physiographic processes and levels of organic matter content in the area. The physiography of Kolymvari is characterized as hilly to semi-mountainous, while the organic matter levels range between 0% and 6% (3% on average). 
K-Values Derived from the Soil Samples
Estimation of K-values from soil data (45 samples) was based on the formulas developed by [3] , which are available also in the form of nomographs (USDA nomographs). The samples were tested for spatial autocorrelation of all numerical soil parameters (organic matter, fine silt and sand): Morans I test indicated random samples for all parameters, only somewhat clustered due to the stratification. Laboratory analysis of the samples included sand content, silt and fine sand content (in percentages), organic matter content (in percentage) and qualitative classifications of soil structure (four classes) and permeability (seven classes). Calculation of soil texture was achieved with the Bouyoucos method, while for the organic matter content, the Walkley-Black method was employed. Soil structure and permeability was evaluated in the field by the soil experts who conducted the survey. The sampled locations and the K-values calculated with K-nomographs are shown in Figure 4 .
Generation of K-Layers
Two alternative methodologies were implemented for creating K-layers from the available data (i.e., the geological map and the sampled soil properties):
 A layer where a single K-value was assigned to each geologic formation according to the interpretation made (based on soil genesis rules) by the soil expert ( Figure 5) ; and  A layer generated with spatial interpolation of the K-values calculated with the K-nomographs at the sampled locations. Interpolation is the procedure of predicting the value of attributes at un-sampled sites from measurements made at point locations within the same area. There are several interpolation methods with contradicting references about their performance. In this study, Ordinary Kriging interpolation was employed, as it is reported to perform better for non-grid sampling schemes [23, 24] (Figure 6 ). 
Generation of R, LS, C and P Layers
Given that a detailed description of the implemented methods for generation of the R, LS, C and P layers is out of the scope of this paper, only a short summary of these methodologies is provided below:
 The R-factor (climate attributes) was estimated using a regression of precipitation versus elevation, as it is accepted that climate varies strongly with elevation. Elevation is an excellent statistical predictor variable, because it is sampled at a far greater spatial density than climate variables and is often estimated on a regular grid (i.e., DEM). Extrapolation of the two stations' data in this study was done by linear regression [25] ;  The LS-factor (terrain attributes) was derived based on the D8 (deterministic-eight node) algorithm, which takes into account the 3 × 3 matrix moving on a DEM starting from the inner grid cell and analyzes the relationship with the neighboring cells [26] ;  The C-factor (vegetation attributes) was derived from the NDVI (normalized difference vegetation index) after conversion with a monotonically decreasing sigmoid function with two control inflection points (zero and one). NDVI expresses the coverage potential of vegetation, and because the area is covered by permanent crops, the season of image acquisition (November) was appropriate for differentiating the presence and conditions of green vegetation in the study site [27, 28] ; and  The P-factor (management attributes) was estimated by allocating features protective to soil erosion, e.g., terraces and roads parallel to the contours, with image processing techniques applied on the QuickBird imagery [29] .
Results and Analyses
Accuracy Assessment of K-values Derived from the Geologic Map
K-values extracted from the soil samples were used as reference in order to assess the accuracy of K-values derived from the geological map. Cross-analysis of the two independent datasets of K-values resulted in a 0.1475 RMS error. It should be noted though that soil structure and permeability were not measured in the field or lab, but rather, were estimated by expertise.
The datasets went also under matched pair analysis, which is appropriate when two responses from a pair of measurements coming from the same experimental unit are to be compared [30] . The comparison resulted in a mean difference value of −0.2991, a standard error value of 0.02353, a correlation value of −0.0757 and a t-Ratio value of −12.7136 ( Figure 7 ). These results show that K-values estimated from the geological map were completely unreliable if K-values derived from the soil data are to be taken as ground truth. It is obvious that the assumption about undisturbed soils, implied when extracting K-values from geological data, was not met in a very great degree. 
Comparison of K-Layers
Because matched pairs analysis showed a big mean difference and almost no correlation between the two sets of K-values, the K-layers were compared using a normalized difference. Normalized difference values lie in a range of [−1,+1], thus making standardized map comparisons possible.
The results of the spatial numerical comparison of the two maps showed the following:
 The pattern of the geological map was predominant in the difference map. This was expected, given the fact that values change distinctly in the geologic map, whereas values change gradually in interpolation surfaces (Figure 8 ).  A big mean normalized difference (0.52) was found between the two K-layers, while for the great extent of the study area, the normalized difference was larger than 0.40. Moreover, the difference map (NDif = K(geo) − K(soil)) was tested for its spatial correlation (SC) to the other erosion factor (EF) layers. This was achieved with a simple technique, i.e., by multiplying the erosion factor layers with a complementary difference map (Formula 2). Low values resulting from this operation indicate cells where the correlation between the specific erosion factor and the difference map was high.
The tests showed a high correlation of LS-factor (topographic attributes) with the difference map in some specific areas (Figure 9 ), while a medium correlation of C-factor (vegetation attributes) with the difference map was observed for the entire area. Under certain conditions, these observations could lead to a justification of the reasoning for the differences in K estimations. Figure 9 . Spatial correlation of the terrain attributes (LS-layer) with the difference (NDif) map.
Comparison of Erosion Risk Maps
The availability of two alternative K-layers led to the generation of two erosion risk maps using map algebra according to the RUSLE literature and formulas:
 One using as input the K-layer derived from the geologic map; and  One using as input the K-layer derived from the soil samples with Ordinary Kriging interpolation.
The resulting soil erosion risk maps were then reclassified into five erosion risk classes (ERC), according to [3] (Table 2 ) and compared ( Figure 10 ). Figure 10 . Map of identical risk classification (ERC = 5) by both alternatives.
Examination of the ERC map derived from the geologic map showed that only 7.3% of the area was classified in the three low classes of severity, while the greatest part of the area (92.7%) was classified within the highest severity classes (ERC4 and ERC5). On the other hand, in the ERC map based on soil sampling, the low severity classes covered 17.6% of the area, while the rest (82.4%) belonged to the two highest severity classes (Table 3 ). These figures show that the alternatives resulted in similar patterns, although there is significant difference between them with regard to the coverage of ERC5 (87.3% vs. 66.8%). Original erosion rates based on the geologic map were estimated to be about 20% higher than those based on soil sampling. However, the original difference between the K-layers was significantly reduced in the ERC maps. * The difference in total acreage is due to the fact that the areas beyond peripheral sampling points were excluded from the interpolation.
Additional to the non-spatial statistical comparison (Table 3) , the alternative methods were compared spatially using the cross-tabulation method. Cross-tabulation displays the joint distribution of a variable derived from two different sources in a table. In this case, the classes derived from soil sampling are set vertically, and the classes derived from the geologic map are set horizontally. The numbers of cells that resulted in the same class for both methods are found diagonally (Table 4) . From Table 4 , it can be derived that the maps differ significantly in ERC2, ERC3 and ERC4, while they are similar in ERC1 and ERC5. In an overall comparison of the two maps, they demonstrate a moderate to high level of similarity, since they match, in terms of ERC, 70.5%. This means that more than 70% of the area was classified in the same severity class by both alternatives. Especially for ERC5, the level of similarity exceeds 76%. If ERC4 and ERC5 are grouped together, the level of similarity between the two method alternatives exceeds 88%.
Conclusions
The K-layer generated from the geologic map by inference was significantly unreliable (RMS error of 0.1475), showing that-at least in the case of Kolymvari-human expertise was of limited value in the erosion risk mapping procedure with RUSLE. Low reliability could be attributed to the following reasons:
 The study area was highly disturbed by anthropogenic activities (long agricultural history), rendering the assumptions made about undisturbed soils non-realistic;
 The soil expert considered that the area was very poor in organic matter, which was proved not to be true. Based on average Greek standards, an assumption was made for values <2%, while the mean value was found to be 3%. As a consequence, the inferred K-values were overestimated; and  Unlike a physiographic map, a geologic map contains limited information, rendering estimations by inference much more uncertain.
Statistical comparison of K-values estimated from the alternative datasets at the same points resulted in significant differences, i.e., a mean difference value of −0.2991, a standard error value of 0.02353 and a correlation value of −0.0757. This shows that K-datasets were not correlated, and therefore, the error was not systematic. This fact could be attributed to the following reasons:
 Some specific soil properties might have affected soil erodibility more than others and, moreover, by a different degree throughout the study site. This idea has been expressed originally by [16] ; and  Some of the sampled soil properties were not measured, but estimated by expertise (good knowledge of the study site from previous work). These properties were the soil structure and permeability, which are reported to be of high importance in estimating K. This fact increased uncertainty in K-estimations from soil properties.
A correlation test of the difference K-map to the other erosion factor layers, i.e., R, LS, C and P, showed:
 High correlation with the LS-layer in some specific areas, which means that in these areas, the topography was a major attributor to the different estimations by the two alternatives. This observation is in line with the suggestion of using physiographic maps instead of soil maps made by [16] ; and  Medium correlation with the C-layer for the entire area, which means that the vegetation cover was a standard moderate attributor to the error.
Under certain conditions, the above observations can lead to more specific justifications of the differences in K-estimations by the alternative methods.
As it was expected, the differences in K-estimations were transferred to the erosion maps through the use of RUSLE formula. However, when erosion risk values were ranked into five classes of severity (ERC), the dissimilarities observed in the K-layers faded out. More specifically:
 The reclassification in ERC resulted in an overall similarity of the two erosion maps, which exceeded 70%;  Moreover, in ERC5, the level of similarity exceeded 76%; and  Regrouping ERC4 and ERC5 resulted in a level of similarity between the two alternatives, which exceeded 88%.
In summary, it was confirmed that soil-related data quality is a crucial parameter in K-factor estimation. Furthermore, errors in data collection and interpretation were clearly propagated to the erosion maps. Reclassification of the erosion rates, however, eliminated the impact of initial uncertainties, as the hot spots allocated by ERC4 and ERC5 were identical for 88% of the study site for both alternatives. This fact confirmed the basic hypothesis of the study and emphasized RUSLE as a decision support tool.
A question arising from this research is whether and how much a fine-scale geologic map could improve the accuracy of K-values when the expertise alternative is followed. On the other hand, if a denser grid of sampling sites for the soil survey approach would produce a better K-layer after interpolation, such a procedure would be costly and time-consuming.
Future research will focus on mapping K-factors with object-based analysis, thus giving importance to:
 Different sources of soil information (geologic, physiographic, soil and imagery datasets); and  Soil-related patterns as an additional parameter of soil erodibility. Obviously, there is a need for bigger and complete reference datasets and for additional study sites towards model calibration and testing. Also, new methods, including fuzzy sets, could be used in describing K-values and their distribution and categorization, as suggested by [31] .
